In many image processing applications, such as segmentation and classification, the selection of robust features descriptors is crucial to improve the discrimination capabilities in real world scenarios. In particular, it is well known that image textures constitute power visual cues for feature extraction and classification. In the past few years the local binary pattern (LBP) approach, a texture descriptor method proposed by Ojala et al., has gained increased acceptance due to its computational simplicity and more importantly for encoding a powerful signature for describing textures. However, the original algorithm presents some limitations such as noise sensitivity and its lack of rotational invariance which have led to many proposals or extensions in order to overcome such limitations. In this paper we performed a quantitative study of the Ojala's original LBP proposal together with other recently proposed LBP extensions in the presence of rotational, illumina- 
this direction, Wang and He (1990) introduced a model where textures can be characterized by its texture spectrum, a set of essential small units.
19
A more detailed texture classification was later proposed by Paget (2008) , 20 the approaches may be divided into the following categories: i) statistical Texture analysis through a LBP operator can be considered as a combina-43 tion of both statistical and structural methods. Therefore, it can be expected 44 a good LBP performance in a wide variety of texture identification scenarios.
45
LBP constitutes an image operator that transforms an image into an array of 46 integer labels that encode the pixel-wise information of the texture images.
These labels can be represented as a histogram that can be interpreted as The simple LBP uses a 3 × 3 square mask called "texture spectrum" 89 that represents the neighborhood around a central pixel, (see Fig. 1(a) ).
90
The values of the neighbor pixels within the square mask are thresholded Fig. 1(c) . Finally, the values of the eight pixels are summed to obtain a 95 label for this neighborhood, Fig. 1(d 
107
When sampling coordinates do not fall at integer positions, the intensity 108 value is bilinearly interpolated. This implementation is called interpolated LBP (LBP P,R ).
110
LBP P,R is defined as an ordered set of binary comparisons of pixel inten-
111
sities between a central pixel and its surrounding neighbors as follows:
where g c is the intensity value of the central pixel at (x c , y c ) coordinates and 113 {g p |p = 0, . . . , P − 1} is the intensity value of the p-neighbor. The thresh-
114
olding function s (x) is defined as: with an identifier as follows:
where ROR (x, i) performs a circular bitwise right shift operation i times.
139
The main idea is to rotate the P neighbors to find the minimum value properties of textures that can be described with very few spatial transitions.
146
He introduced a uniformity measure U (LBP P,R (g c )) which corresponds to 147 the number of spatial transitions in the pattern as follows:
in this way the so-called uniform LBP (LBP uni P,R ) can be obtained as: bits or "0" bits as follows:
where N um 1 {•} is the number if "1" and N um 0 {•} is the number of "0" in 168 the non-uniform pattern. can be defined by replacing the central pixel value with the average of its 178 neighbors as follows:
where
The presence of noise in images can seriously impair the texture extraction 181 performance of the LBP operator. In this paper we propose to use the median 182 operator in order to reduce noise effects. Such proposal replace the central 183 pixel value with the median of itself and the P neighbors as follows:
where g represents the median of the p neighbors and the central pixel, Zabih 
where c is a fixed threshold. as follows:
and g tot is defined as:
where g c and (x c , y c ) represent the intensity and coordinates of the central are labeled with "−1" as follows:
here x is the difference between the P neighbors and their central pixels. {g p − g c |p = 0, 1, . . . , P − 1} is split into two components as follows:
where s p and m p are the sign and magnitude of d p respectively. In addition, that given a set of training images, the required number of patterns to better 234 representing textures corresponds to at least 80% of the pattern occurrences.
235
The basis for an empirical estimation of the probabilistic density function (pdf).
248
Computing the distance between two histograms is equivalent to measure the 249 overlapping part between two pdf's as the distance.
250
Although the Kullback-Leibler divergence (KL) -a generalization of Shan-251 non's entropy-is not a true metric rather it is a relative entropy, it can be 252 used as a suitable metric for measuring distances between histograms as fol-
where A and B are two histograms with b bins length each, and P i denotes 255 the probability of the bin i. being the total movements the distance between them.
In the next Section 3, we present several experiments of texture classifi- 
Experiments and results

264
We split experimental assessments into three categories: rotational, noisy, In order to evaluate the performance of the previously described seven ro- 
weave (D16), wood (D68), and wool (D19) -the number between parenthesis
is the identification number in the Brodatz texture book, Brodatz (1966 
where (i, j) are matrix indexes and k is the number of texture references. Table 2 and Table 3 present the best AR in the form of confusion matrices 309 for the OD and KLD metrics respectively.
291
310
From Table 3 histograms affecting the classification.
315
We compared the performance of LBP min , LBP Most mistakes occurred when rotated wool textures were classified as straw texture. On the contrary, all the rotated straw textures were correctly classified. values by compared each reference image in the database with its rotated 320 versions. Thus the most accurate technique is the one that brings the smallest 321 mean. We followed the assessment methodology proposed in Orjuela et al.
322
(2011) by quantifying the distance between distinctive textures using both
323
OD and KL metrics, Fig. 4(a) and Fig. 4(b) respectively.
324
Since the seven LBP approaches are rotational invariant is expected that 325 distances are to be zero or close to zero but due to the fact that the rotated 326 textures were scanned using a 512 × 512 pixel video digitizing camera, the
327
CCDs may has introduced some values that produce higher distances among
328
LBP histograms. 
337
In all cases the highest classification rate was achieved with R = 2. On the 338 contrary, the increased size of the radius caused a poor classification rate 339 starting from R = 3. 
where G i are the m neighbor pixels greater or equals than g c and g i are the 369 n neighbor pixels lesser that g c .
370
In the next experiment we performed classification of textures under dif-371 ferent illumination conditions using the CUReT database. 
